Appendix B: Regression results of estimating value-added to attendance for math teachers
Appendix C: Estimating value-added to attendance using NBRM and controlling for school fixed effects 
Appendix D: Joint estimates of value-added to attendance and value-added to achievement
The purpose of this model is to get the true correlation between the two types of value-added scores through running this joint model. We cannot run a negative binomial model in this case, thus we reconstruct the unexcused absence outcome to unexcused absence rate (standardized by year and grade). Then we create a variable called "Outcome" and two indicator variables, "TestScore" and "Absence." "Outcome" takes the values of test scores when the dummy variable "TestScore" equals 1, and takes the values of unexcused absence rate when the dummy variable "Absence" equals 1.
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We constrain the above model to have no intercept, so that both of the indicator variables will contain a random teacher effect. The random teacher effects are assumed to have a mean of zero and a variance to be estimated. We interact all of the controls with these two indicators so that these controls can have differential effects for test scores and absences. 0.215 0.109 0.308 0.307 Note: Each column reports coefficients from an OLS regression, with standard errors clustered at both student and teacher level to account for correlation between observations. The columns are estimated using the stacked sample that pools together both math and ELA for 7th to 11th graders. Both the number and credits of AP courses only include those taken in 12 th grade to avoid mechanical endogeneity. All columns control for the baseline student, class, and school level characteristics, which include lagged math and English scores, absence rates, suspension, and demographic composition; tests students took in both previous and current year interacted with grade; year fixed effects; subject fixed effects; and school fixed effects. Value-added scores are "leave-year-out" estimates standardized using "true" standard deviations of teacher effects estimated using all years of data. ** p<0.01, * p<0.05, + p<0.10. Observations  35540  162099  96317  101322  52063 127302 Note: Each column, within panels, reports coefficients from an OLS regression, with standard errors clustered at both student and teacher level to account for correlation between observations. The columns are estimated using the stacked sample that pools together both math and ELA for 7th to 11th graders. Both number and credits of AP courses only include those taken in 12 th grade to avoid mechanical endogeneity. All columns control for the baseline student, class, and school level characteristics, which include lagged math and English scores, absence rates, suspension, and demographic composition; tests students took in both previous and current year interacted with grade; year fixed effects; and subject fixed effects. Value-added scores are "leave-year-out" estimates standardized using "true" standard deviations of teacher effects estimated using all years of data. ** p<0.01, * p<0.05, + p<0.10.
Appendix E: Non-linearities and Heterogeneity of Teacher Effectiveness
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Appendix F: Estimating value-added to attendance using OLS
As we describe in the Methods section, students can have different "exposure" times to a teacher during a school year, thus we cannot directly do a logarithm transformation of the raw counts of absences as the dependent variable in the OLS model. Instead, we calculate the rate of unexcused absences overall total class meetings a student can have with a teacher.
As shown below, value-added to attendance using OLS is similarly stable compared with those from NBRM (see Table F1 and F2 for results in keeping with Tables 4 and 5). However, they do not show as consistent relationships with student short-and long-run outcomes. Table F3 (similar  to Table 6 ) shows that value-added to attendance has a negative impact students' unexcused absence rate which is consistent with the NBRM results, but it also has a negative effect on student test scores, which is not consistent with the NBRM results. Similarly, in Table F4 (mirroring Table 7 ), it positively affects student graduation but negatively affects AP course taking. Tables E5 and E6 shows results that are quite similar to Tables 8 and 9.
To assess whether the inconsistencies in the two approaches stem from predictable shortcomings in the OLS approach, we remove teachers who are in the top quartile of having zero-absence students (approximately 35% of zero-absence students in total students a teacher has) from the analysis. Because OLS estimates a linear relationship, these students could have negative predicted absenteeism so that the residual will be positive (negative on attendance). We then replicate Table F4 -a, and show the corresponding results in Table F4 -b. We find that the results from the OLS and NBRM models largely converge when we remove these teachers. Each column reports coefficients from an OLS regression, with standard errors clustered at both student and teacher level to account for correlation between observations. The columns are estimated using the stacked sample that pools together both math and ELA for 7 th to 11 th graders. Dependent variables are current test scores and unexcused absence rates. All columns control for the baseline student, class, and school level characteristics, which include lagged math and English scores, absence rates, suspension, and demographic composition; tests students took in both previous and current year interacted with grade; year, subject, and school fixed effects. Value-added scores are "leave-year-out" estimates standardized using "true" standard deviations of teacher effects estimated using all years of data. ** p<0.01, * p<0.05, + p<0.10. Each column, within panels, reports coefficients from an OLS regression, with standard errors clustered at both student and teacher level to account for correlation between observations. The columns are estimated using the stacked sample that pools together both math and ELA for 7th to 11th graders. Both the number and credits earned for AP courses only include those taken in 12 th grade to avoid mechanical endogeneity. All columns control for the baseline student, class, and school level characteristics, which include lagged math and English scores, absence rates, suspension, and demographic composition; tests students took in both previous and current year interacted with grade; year fixed effects; and subject fixed effects. Value-added scores are "leave-year-out" estimates standardized using "true" standard deviations of teacher effects estimated using all years of data. ** p<0.01, * p<0.05, + p<0.10. Note: The data used are the same as Table F4 -A except excluding teachers who are in the top quartile of having zero-absence students.
Each column, within panels, reports coefficients from an OLS regression, with standard errors clustered at both student and teacher level to account for correlation between observations. The columns are estimated using the stacked sample that pools together both math and ELA for 7th to 11th graders. Both the number and credits earned for AP courses only include those taken in 12 th grade to avoid mechanical endogeneity. All columns control for the baseline student, class, and school level characteristics, which include lagged math and English scores, absence rates, suspension, and demographic composition; tests students took in both previous and current year interacted with grade; year fixed effects; and subject fixed effects. Value-added scores are "leave-year-out" estimates standardized using "true" standard deviations of teacher effects estimated using all years of data. ** p<0.01, * p<0.05, + p<0.10. 285 Note: Each column reports coefficients from an OLS regression, with standard errors clustered at both student and teacher level to account for correlation between observations. The columns are estimated using the stacked sample that pools together both math and ELA for 7th to 11th graders. Both the number and credits of AP courses only include those taken in 12 th grade to avoid mechanical endogeneity. All columns control for the baseline student, class, and school level characteristics, which include lagged math and English scores, absence rates, suspension, and demographic composition; tests students took in both previous and current year interacted with grade; year fixed effects; and subject fixed effects. Value-added scores are "leave-year-out" estimates standardized using "true" standard deviations of teacher effects estimated using all years of data. ** p<0.01, * p<0.05, + p<0.10. 258 Note: Each column, within panels, reports coefficients from an OLS regression, with standard errors clustered at both student and teacher level to account for correlation between observations. The columns are estimated using the stacked sample that pools together both math and ELA for 7th to 11th graders. Both number and credits of AP courses only include those taken in 12 th grade to avoid mechanical endogeneity. All columns control for the baseline student, class, and school level characteristics, which include lagged math and English scores, absence rates, suspension, and demographic composition; tests students took in both previous and current year interacted with grade; year fixed effects; and subject fixed effects. Value-added scores are "leave-year-out" estimates standardized using "true" standard deviations of teacher effects estimated using all years of data. ** p<0.01, * p<0.05, + p<0.10.
One threat to our identification is that students are selected to teachers based on observed student characteristics. The assumption is that conditional on the controls in our specification, there is no systematic sorting of students to teachers. To test whether this is true, following Chetty et al. (2014) and Jackson (2018), we first use twice lagged student characteristics to predict all the long-term outcomes, which effectively limits our sample to students who have twice-lagged controls and only 8 th to 11 th graders. The student characteristics used here include test scores and absence rates for both math and ELA classes, days of suspension, race, gender, special education status, gifted status, and EL status. Using predicted outcomes and conditional on all student, class, and school characteristics excluding those used in the prediction, we should not observe any significant association between the estimated teacher value-added (leave-year-out estimates) and the predicted outcomes. Table G1 presents the results. Columns (1) and (2) show results for using actual graduation, dropout, and AP course taking as outcomes. The results are slightly different from Table 7 because here we are only using 8 th to 11 th grades in the sample. We still find similar magnitudes and significance of value-added to attendance on all the long-term outcomes. In columns (3) and (4), we use the predicted outcomes as dependent variables. The sample sizes are smaller than columns (1) and (2) because of the reason we described above. We find that the significance of value-added to attendance disappear for predicted graduation and dropout. Although they are significant for predicted number of AP courses and earned AP credits, the magnitudes are so small and nearly negligible, suggesting minimum selection in our model. For value-added to achievement, although we observe significant coefficients for predicted graduation and dropout, but the directions are opposite of what we would sort of sorting. Similar to value-added to attendance, the coefficients of value-added to achievement on predicted AP course are very small and only marginally significant. Our results suggest that our strategy largely eliminate selection on observables. (3) -(4) use predicted graduation, dropout, number of AP courses, and earned credits of AP courses as outcomes. The prediction of graduation and dropout is conducted for each of 8 th -11 th grade separately using a Logit model. Predictors include twice-lagged math and English scores, test types, absence rates, and suspension, race, gender, special education status, gifted status, and EL status. Each column reports coefficients from an OLS regression, with standard errors clustered at both student and teacher level to account for correlation between observations. The columns are estimated using data pooling across 8th-11th grades and those who have twice-lagged controls. All columns control for the baseline student, class, and school level characteristics but excludes those used in the prediction, which include one-year lagged math and English scores, absence rates, suspension, and demographic composition; tests students took in both previous and current year interacted with grade; year fixed effects; and subject fixed effects. Value-added scores are "leave-year-out" estimates standardized using "true" standard deviations of teacher effects estimated using all years of data. ** p<0.01, * p<0.05, + p<0.10.
Following Jackson (2018), we test selection on unobservables based on two distinct sources of variation. The first strategy relies on school-by-cohort fixed effects. Since Jackson (2018) only uses 9 th graders, he uses school-by-year fixed effects. Here we modify his approach by using school-by-cohort fixed effects because the selection of students to teachers most likely happens within schoolcohort, which is most susceptible to selection on unobservables. This approach should be robust to any school-level policy and shocks. The second strategy uses a Two-Stage Least Square estimator, relying on variation induced by average estimated teacher value-added scores across cohorts within a school. This Instrumental Variable approach is robust to student selection to teachers within a school, but is susceptible to school polices or changes. If these two distinct identification strategies provide similar results, then we have extra evidence to say that our estimation strategy is not biased due to unobservables. Table H1 present the results using the above two identification strategies. Columns (1) and (2) are from models with school-cohort fixed effects, and (3) and (4) are from models using across cohorts within school value-added as an instrumental variable. The overall magnitude and significance is remarkably consistent with Table 7 , especially for value-added to attendance. 
